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Introduction
The extraction of useful information, conveyed by a given signal, is of major importance in the understanding of underlying mechanisms and for the elaboration of decisions and actions. Any system dedicated to this task leans on a step of analysis of information contents.
When dealing with time-series signals, the analysis of their evolution in the direct space of representation, is classically complemented by the examination of an equivalent representation in the Fourier domain. Although, these two representations allow characteristics of signals to be globally extracted, they can appear insufficient or even unsuitable for the analysis of local properties. Indeed, by switching to the Fourier domain, a mathematically equivalent representation is obtained but all the explicit temporal descriptions of the signal are lost. If this dual aspect of Fourier's representation has no consequence on signals stemming from a linear or a time-invariant system, it is a major drawback when the purpose is to analyze the spectral contents of a signal on a variable window length.
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Several representations allying time and frequency or time and scale of analysis were introduced in literature. They can be either linear or nonlinear, parametric or not parametric, complete or incomplete, etc. . Each of these representations describes the signal by highlighting some of its characteristics while the others are relegated in the background.
Therefore the choice of a representation is crucial and influences the post-processing outcomes.
In a given context, the useful information carried by a signal can be related to its almost stable or slowly evolutionary dynamics, to the occurrence of abrupt ruptures or transients but also to the chronologies of these events. The main part of the conveyed information appeared then as nonstationarities on the signal. A signal is assumed to be stationary if its statistical properties (mean, variance, autocorrelation, …) are invariant over time. Fourier representation is particularly adapted for the description of stationary signals.
Such a signal can exhibit unexpected events but their probabilities are known. There is a wide range of nonstationary signals. Depending on the type of encountered nonstationarities (transient events, frequency modulation, …), a specific analysis technique is required.
Therefore, describing nonstationary signals is generally difficult since there exists no universal or canonical tool to achieve this task.
Among methods aimed at analyzing nonstationary signals, time-scale and timefrequency approaches have been extensively used during the last decade. The ability of these methods to address some key issues for representing nonstationary signals gave rise to new insights and fruitful multidisciplinary developments. Thus, writing a self-contained and complete overview of time-scale and time-frequency approaches and their applications is not HAL author manuscript inserm-00130050, version 1 the intent of the present article. Subsequent published materials (papers, books, special journals, …) highlighting these issues are then recommended (1-19).
Time-scale representations or "wavelets analysis" offer a time versus duration analysis of the observed phenomenon. Hence, they allow to focus on short events and to characterize them by means of their evolution throughout the set of analysis scales. The use of wavelet approaches for studying transient signals is then rational. Time-frequency approaches permit the description, according to time and frequency, of the evolution of the signal energy distribution. They allow time-frequency structures or signatures that characterize the dynamics of the observed signal to be extracted. It is then natural to consider these methods for the analysis of signals for which the energy distributions vary gradually over time.
Electroencephalographic signals (EEG), as most of biomedical signals, are nonstationary and these nonstationarities often contain significant information regarding the originating mechanisms and the underlying pathophysiological processes. Among available methods used in the investigation of epileptic patients, EEG keeps a high potential clinical value (20) . EEG signals may be recorded from scalp electrodes (conventional EEG), from subdural electrodes (electrocorticography, ECoG) or from intracerebral electrodes usually implanted under stereotactic conditions (stereoelectroencephalography, SEEG) (21) . Signal processing methods may bring substantial complement to visual analysis of EEG signals, especially during epileptic episodes (both ictal and interictal periods) where signals often exhibit nonstationary properties.
In this context, time-scale and time-frequency methods, introduced in the field of epileptic EEG about ten years ago, were shown to provide meaningful representations of isolated events, as spikes, spike-waves, sharp-waves (22) and of the complex evolution of signal spectral content as a function of time during ictal periods (23) .
The aim of the current paper is to give a didactic overview of both wavelets and timefrequency methods, and their potential contribution to the description of the epileptic electroencephalography is illustrated in two examples : the first one deals with interictal events detection on scalp EEG ; the second one is aimed at classifying depth-EEG signatures.
The following section presents the theoretical background of wavelet transforms and its application for spikes detection. In section 3, time-frequency representations are introduced and their potential use for extracting particular signatures in SEEG is investigated.
Concluding remarks are reported in section 4.
Wavelet Transform
From the conceptual point of view, the wavelet transform (WT) is not new. It consists of representing a signal S by means of a linear combination of elementary functions. The same idea is used in the Fourier transform where the elementary functions are sinusoids. One of the originalities of WT is the set F of elementary or decomposing functions which are obtained after scaling (dilating) and translating a unique function denoted ψ , called wavelet, and verifying some admissibility conditions (24).
Wavelets Theoretical background
The coefficients or details resulting from the WT are denoted 
For a and t continuously varying (a nonzero and t real), the set of ( )
, ;
S WT a t ψ constitutes the (continuous) wavelet transform. Parameter a is the scaling factor, used both to control the time duration of the wavelet and to ensure the normalization of its energy that must be equal to 1. Parameter t is the translation factor, used to position the wavelet over the axis u which is the time axis in temporal signal analysis. Wavelet transform can be interpreted as a filtering process of signal S. In fact, by defining ( ) 
ψ is the output, observed at time t, of a filter whose impulse response is given by the function a ψ , where the scale a is used to adjust the bandwidth (i.e. the frequency resolution), and S being the input. Thus, this transformation acts on the signal as a filter bank whose frequency characteristics are related to the analyzing wavelet ψ and to the dilation factor a.
The admissibility conditions wavelets must satisfy are rather weak. Therefore, many wavelet transforms may be defined. For a given purpose, this allows an analyzing wavelet tailored to match the signal characteristics to be delineated and parameters a and t to be freely selected without constraining them to any particular value. In other words, from a priori knowledge about the signal, the analysis may be restricted to an appropriate set of scaling parameters.
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Generally, under these only conditions, the set F does not provide a basis of ( ) When specific mathematical properties are verified, both on the analyzing wavelets ψ and on the set of dilations and translations parameters, an orthonormal wavelet basis of can be derived from F. This leads to the orthonormal wavelet transform (OWT) (sometimes called discrete wavelet transform-DWT). Indeed, for particular wavelets and for the discrete grid given by the series a = 2 -m (dyadic scales), t = n.a, where m and n are integers, the associated subset of F constitutes an orthonormal basis of (25) . The wavelet analysis is thus seen through the associated multiresolution analysis (or filter bank) and the decomposition over an orthogonal basis of
leads to a cascade of high-pass and low-pass filtering of the signal followed by decimations. The signal S is then decomposed into a discrete set of orthogonal details ensuring the exact reconstruction of the original signal (26) . 1 The set of functions of finite energy
Intermediate situations do exist. For example, biorthogonal wavelet transforms use the same grid but impose less constraint on the wavelets used for decomposing and reconstructing the signal, dyadic wavelet transforms use the dyadic scales whereas the parameter t varies continuously over time. Readers interested in these aspects of wavelet analysis may refer to (10) .
Then, for describing a signal, we have a multitude of wavelet transforms at hand.
Consequently, the choice must be motivated by the seeking goals. Each representation has its own advantages and limitations : orthogonal and biorthogonal wavelet transforms are useful in the field of coding where the target is to compress the information and to reduce redundancies. They are less relevant for singularity detection and pattern recognition where properties like translation invariance and localization are desirable (27, 28) . Dyadic or continuous wavelet transforms are indeed suitable for addressing such issues (29) . These methods have been used in different areas of biomedical engineering. In this context, an overview of potential applications is given in (5, 18, 19).
Wavelet transform based interictal transient detection
The 
This relation expresses the relevant activities (elementary waves, background activity, noise, artifacts ...) which constitute the signal (see Figure 2 ). ( ) where an impulse-like signal occurs. Experimentally, when a significant wave or an artifact is present, the wavelet transform evolves through scales accordingly : the j A are magnified on the smallest scales. The squared modulus increases (resp. decreases) for high resolution if the threshold crossing is due to an artifact (resp. useful wave) (32, 33) . These considerations led us to build the second level. It is based on a decision parameter, derived from the wavelet domain representation. Separation between the useful transients and artifacts is then obtained by comparing this parameter to a second threshold λ 2 . Finally, threshold λ 1 is estimated for controlling the false alarm rate and threshold λ 2 is computed to guarantee a minimal rate of good classification of useful transients and artifacts.
Remarks about WT and detection
To our knowledge, this was the first wavelet based interictal event detector proposed in the literature. In the case of scalp EEG signals, performances of the above detector HAL author manuscript inserm-00130050, version 1 compared favorably, in terms of sensitivity and specificity, to those of other detectors described elsewhere (34-36). It is now available on a digital EEG monitoring system 2 . Such a detection methodology may be used as a building block into a general context based detection procedures of epileptic transients as those proposed in (37) (38) (39) (40) , Other detectors using wavelets have been proposed for detecting epileptic transients events : multiresolution analysis is proposed for the study of EEG in (41) and (42) . Interictal spike detection strategies are proposed in (43-46) based on biorthogonal wavelet transforms as well as on continuous wavelet transform. WT has also been considered for seizure onset detection and characterization (42, 47) .
Today, the main challenge is to make already developed wavelet methods available as tools for analyzing epileptic recordings in clinical context.
Time-Frequency representation
Rather than decomposing a signal S according to a given set of functions, TimeFrequency Representations (TFR) lean on a transformation which objective is to represent the signal energy distribution in the time-frequency domain. Several association rules, between the signal and the transformation, can be considered (6) . Energy being a quadratic transformation of the signal, it is natural to pay particular attention to quadratic energy distribution representations.
Time-Frequency theoretical background
To obtain such a joint time and frequency distribution of energy, the concepts of instantaneous power ( ) 
, ; , The WVD has a very good resolution but suffers from the presence of interference terms related to the nonlinear character of the transformation. Although these terms are carrying information, they may limit the interpretation of the time-frequency representation. The interference terms are of oscillatory nature, they can then be attenuated by a smoothing (i.e.
convolutions with a low-pass kernel) of the WVD. It should be noted that the attenuation of the interference terms comes with a degradation of the time and frequency resolutions. Many authors proposed particular low-pass kernels to reduce the interference terms while preserving, as much as possible, the resolution of the WVD and most of its properties.
Readers interested by an overview on TFR can refer to (7, 17) or (48) .
An academic example is considered in Figure 5 where two signals are analyzed 
2-Transient discharge:
it is a succession of transients having a stable or evolutionary nature with regard to their power or their time occurrence. Figure 8 shows a series of transients whose frequency decreases slowly at the beginning, becomes constant afterwards and finally increases; the power of the series decreases at the end.
Another observed situation is that of a series of transients on which oscillatory components superimpose. The example presented on Figure 9 illustrates the first phase of a HAL author manuscript inserm-00130050, version 1 change in a signal type where a sequence of spikes is vanishing and a fast rhythmic activity (narrow band signal) is progressively appearing.
Elementary modes:
The second class includes the signatures observed on a larger time support but characterized by more structured time-frequency patterns. Mixtures of components :For these modes, the time-frequency plan is either slightly structured or not structured at all. Figure 12 where a signature, corresponding to a frequency modulated signal, according to a parabolic law, and a series of transients, can be observed. The correlation between the template and TFR's of signals from the four other seizures (S2 to S5) was performed. For S2, no signature similar to the template was present during the ictal period and correlation values remain low. In S3, the signature was found to be present and the template exactly matches it with no translation in frequency. In the two remaining seizures (S4 and S5), a similar signature was present but a frequency shift was necessary for it to be detected. This fact is illustrated in figure 16 which shows the TFR of the hippocampal signal recorded in S4. Visual inspection of this TFR reveals the presence of a signature similar to the template ( figure 16-a) . However, after correlation with the template, the statistic ( 0 , t ) η does not exhibit any dominant sharp peak ( figure 16-b) . On the other hand, as shown in figure 17 , the display of ( )
1-Simple mode

1-Quasi-regular mode: an example is displayed on
(as a function of both time and frequency shifts) now reveals that a sharp peak appears for a frequency shift equal to 0.4 Hz.
This shift was found to exist for all TFR's associated to signals retained in the analysis and its HAL author manuscript inserm-00130050, version 1 value was found to be constant (0.4 Hz). Similar results were obtained in seizure S5 but with a different frequency shift value of -0.8 Hz estimated also by the frequency position of the peak value in the 2D detection statistics. Results obtained on S4 and S5 demonstrate that a 2D matched filtering improves the detection procedure.
Remarks about TFR and signatures detection/classification
This work can be seen as the first step toward a classification of SEEG time-frequency patterns occurring during temporal epilepsies. A large scale investigation is necessary to Nonstationary detection procedures may be build in the transformed domain to localize interictal events or particular time-frequency signatures. We found that chirp-like patterns may be observed in TFR's of SEEG signals, as also described in (66) . These patterns were found to be identical across different channels of the same seizure recording but were found to slightly vary from one seizure to another. Consequently, one must be cautious with F4 -C4  C4 -P4  Fp2 -F8  P4 -O2  F8 -T4  T4 -T6  Fp2 -F4  F4 -C4  C4 -P4  Fp2 -F8  P4 -O2 F8 -T4 T4 -T6 
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